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Collaborative spatial-temporal networks for action recognition
ZHENG Yang, ZHANG Xudong

(School of Computer Science and Information Engineering, Hefei University of Technology, Hefei 230601, China)

[ Abstract] Action recognition is an important research direction in the field of computer vision. It is widely used in video
surveillance, crowd analysis, human - computer interaction, virtual reality and other fields. Spatial — temporal modeling is an
important part of video action recognition, which could greatly improve the accuracy of behavior recognition. 3D CNNs can learn
powerful spatial-temporal representations but are computationally intensive, which make them expensive to deploy; Improved 2D
CNNs with a temporal shift can efficiently perform temporal modeling by shifting the feature map along the temporal dimension.
However, temporal shift does not allow for the adaptively reweighting spatial-temporal features. Previous works have not explored
the combination of the two types of methods to better modeling spatial —temporal information. This paper proposes a collaborative
network that effectively combines a 3D CNN and 2D temporal shift. In particular, a new collaborative spatial —temporal module
(CSTM) is introduced to learn spatial —temporal features jointly to integrate attention mechanism. And the paper verifies the
effectiveness of CSTM on temporal —related datasets (i.e., Something —Something v1, v2, Jester) and obtains superior results
compared to the existing state—of—the—art methods.
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CSTM on the validation set of Something—Something v2
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e AE e & & GSM 61.23 87.29
something” | “pulling something from right to left” and 3D_Shift_sum 61.65 87.56
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091
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0 |
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Fig. 5 Comparison of categories with greater top—1 accuracy improvements between CSTM and 3D_Shift_sum

(a) Pulling something onto something

(b) Pulling something from right to left

(c) Pulling two ends of something so that it gets stretched
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Fig. 6 Sampled frames from the Something—Something v2 dataset
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Fig. 7 t—SNE plot of the video samples of the 15 classes using the deep features from 3D_Shift_sum and CSTM
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Tab. 2 Performance comparison between GSM + attention and

CSTM on the validation set of Something—Something v2

Ik Top-1 Top-5
GSM+attention 61.23 87.65
CSTM 63.45 88.79

% 3 7& Something—Something v1, v2, Jester #1354 55 ¥ AR HIXTtL
Tab. 3 Comparison of CSTM with state—of—the—art methods on Something—Something v1, v2, Jester

Something v1 Something v2 Jester
ik AL RIS AT S i
Top—1  Top-5 Top—1  Top-5 Top—1  Top-5
TSN ResNet-50 Kinetics 19.70  46.60 27.80  57.60 81.80  99.00
TRN multiscale BN_Inception ImageNet 34.44 - 48.80  77.64 95.30 -
TSM ResNet-50 Kinetics 43.40  73.20 58.20  84.80 94.40  99.70
ResNet-50 Kinetics 16 44.80  74.50 58.70  84.80 - -
GSM BN_Inception ImageNet 47.24 - 61.23  87.29 95.73  99.83
S3D BN_Inception ImageNet 64 47.30  78.10 - - - -
S3D-G BN_Inception ImageNet 64 48.20  78.70 - - - -
STM ResNet-50 ImageNet - - - - 96.60  99.90
CSTM BN_Inception ImageNet 47.96  76.77 63.45 88.79 96.40  99.84
Incepiton v3 ImageNet 49.24  77.56 63.95  89.11 96.51 99.86
BN_Inception ImageNet 16 49.84  78.71 63.54  88.99 96.48  99.87
Incepiton v3 ImageNet 16 51.27 79.90 64.04  88.54 96.61  99.86
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